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Abstract: Nowadays the patient monitoring systems are more and more widely used due to 
the advances in the technical background. These systems can improve the quality of life and 
by using them, several complications can be avoided in emergency situations. Nevertheless, 
the proper evaluation of the measured factors is a highly problematic task. The medicine 
uses a number of parameters, which are difficult to quantify, the boundaries of the 
examined risk factors cannot be given in a general form, the realistic result is only 
available from personalized thresholds. For these reasons, user-specific evaluation is 
required as much as possible, which uses individual characteristics, also the living 
conditions, habits and the medical recommendations taken into account during the risk 
calculation. In addition, the complex interactions between the input factors, which are often 
opaque, can be better handled in a patient-specific way based on the medical history of the 
patient or previous measurements. We developed a risk assessment framework to meet the 
above mentioned requirements. This system is flexible with a high degree of adaptive 
capacity. For the sake of ease of extensibility, and in order to achieve transparency, a 
generalized, modular system structure is implemented, which is joined with a database to 
specify the parameters of the configurable subsystems. 
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1 Introduction 

Risk management is again becoming more and more the focus of research, due to 
the economic crisis of recent years the increase in the number of terrorist activity; 
and extreme environmental and climatic conditions. Additionally, the novel 
recognizable and measurable risk factors in the field of medical diagnostics 
needed more efficient risk assessment schemes [1]. The large number of system 
parameters and the complexity of their context has led to the model’s complexity, 
which should be handled adequately. Both quantitative and qualitative parameters 
are among the risk factors, therefore a method is needed during the evaluation, 
which can handle both types of inputs. Soft computing techniques are useful tools 
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in risk management systems, which are full of uncertainty and subjectivity in the 
data and in the evaluation process [2]. In this paper, we primarily focus on the 
system, which examines the physiological parameters. These kinds of systems are 
integral parts of engineering, natural and social environments and they require 
generalized, multilevel risk management models. 

Nowadays, the beneficial effects of regular exercise in prevention, rehabilitation, 
and active life are known to everyone. However, basic physical information, 
including chronic diseases, actual physical status, age, and many other sub-factors, 
should be considered, in order to keep the practiced sport safe and healthy rather 
than resulting in the situation becoming worse [3]. To avoid the serious 
consequences, the implementation of a real-time risk assessment system is 
justified in order to continuously control the current risk level. 

Because of the problem of the aging population in the developed world these 
monitoring systems mainly focus on elderly people with chronic diseases [4]-[8]. 
They spend their days often alone and unattended, therefore an emergency 
frequently occurs unnoticed. However, with the use of monitoring systems, the 
patients’ mortality can be significantly reduced and the course of disease can be 
better treated and controlled if the problem is detected in time [9]. The sounding 
of the alarm on time as well the arrival of the right person is of critical importance 
[10]. The monitoring during sport activity is of similar importance for the 
emergencies caused by unexpected problems, which can also be eliminated, as 
well as monitoring whether proper performance is achieved. Due to the large 
number of input factors and complex interactions between them, most systems 
examine only one measured parameter and some of its influential parameters [11], 
[12]. Usually the examined factors are physiological parameters [13], [14] but, in 
addition, motion detection can also be used [15], [16]. The aim of these systems 
may differ, they can also be applied as a teaching device in the fields of sports and 
rehabilitation [17], [18]. The fields of these kinds of systems are the same as the 
surveillance of the elderly (e.g. basic personal information, chronic diseases), but 
it should be supplemented by the sport habits (e.g. motion forms, intensity, 
frequency). Regardless of the measured parameters and the intended use, it can be 
concluded that these systems evaluate fix parameter combination, independently 
of the sport type and patient characteristics. In contrast, the novel risk assessment 
framework is able to work with patient- and sport-specifically defined parameter 
combinations. 

In patient monitoring systems the boundaries of the risk factors, which are 
predominantly physiological parameters, cannot be given in a general form. There 
is no general definition of what is considered normal, increased, or perhaps an 
abnormal value [11]. Although absolute definitions are also used in medicine, the 
realistic result is only available from personalized thresholds. For these reasons 
user-specific evaluation is required as much as possible, using individual 
characteristics. Living conditions and medical recommendations are also taken 
into account during the risk calculation [19]. In addition to the complex 
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interactions between the input factors, which are often opaque, can be provided 
more easily if the medical history of the patient is known or the previous 
measurements are available. In this case the interactions can also be given in a 
patient-specific way. The above mentioned requirements, as well as the large 
number of the considered risk factors, require the development of a robust, 
flexible risk management system with a high degree of adaptive capacity. For the 
sake of ease of extensibility, and in order to achieve transparency a generalized, 
modular system structure should be used, which is joined with a database to 
specify the parameters of the configurable subsystems [20]. We present our work 
about a risk assessment framework for physiological parameters, primarily during 
sport activity but it can be used in other areas (e.g. monitoring of elderly, home 
rehabilitation) with minor modifications in the database. 

The rest of the paper is organized as follows: In Section 2, the basic structure of 
the fuzzy risk assessment model is described. Section 3 summarizes a hierarchical 
decision method (AHP). Section 4 and 5 present the evaluation process and the 
database design behind the framework. In Section 6, the implementation of the 
proposed risk assessment framework, the test environment and method are 
described. Finally, the conclusions are drawn. 

2 The Model Structure 

2.1 The Fuzzy-based Risk Assessment Framework 

The risk assessment framework is applied in the authors’ sport activity risk 
calculation model [3], which uses fuzzy logic based decision making in a 
hierarchical, clustered structure. The aim of the system is to calculate the risk level 
based on physiological and other personal parameters of the user to control the 
patient continuously. In the model there are some constant (e.g. sex) and quasi-
constant parameters (e.g. age, occupation), which rarely change. The expert can 
design the personal profile of the patient based on these parameters. This profile, 
which is realised in a well-structured database, contains the types of activities, 
which should be monitored for the user, the name of the parameters, which should 
be measured during the monitoring assigned to the user, and their personal 
thresholds based on the medical recommendations. Neither the inputs, nor the 
parameters of the membership functions belonging to them are generally pre-
defined, instead, they are found in the personal profile database. The proper 
operation of the system greatly depends on the applied rule base, which should be 
patient-specific as far as possible [21]. For this reason, the rule base is formed 
based on the above factors, and the current risk level is calculated in real-time by 
evaluating the measured physiological parameters. In the system model structure 
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the factors are classified based on their nature. The subsystems are formed based 
on the clusters which belong to different risk groups and they are operated as 
independent systems, thus the risk assessment framework can be applied for them 
separately. The model structure is shown in Fig. 1. 

 

Figure 1 

The model structue 

The risk assessment framework is used in the first subsystem, which is used to 
characterize the medical state of the patient and it is called “Medical Condition”. 
Due to the patient-specific design of the database, the personal characteristics, 
habits and medical recommendations are built into the system in the rule base and 
in the membership function design. Consequently, in this group the chronic 
diseases of the patient, diabetes, cardiovascular diseases, hypertension among 
others, are taken into account. The basic personal characteristics are also collected 
in the personal profile, therefore, they are also taken into consideration in this 
main group. The patient can be identified based on the user ID, which is the social 
security number (TAJ number in Hungary) of the patient and the personal rule 
base, the used parameters and the antecedent sets definition is determined by the 
personal profile in the database. Consequently, general inputs cannot be defined 
for this subsystem, they can be varied based on the personal profile defined in the 
database patient-specifically depending on the above factors. After this 
initialization the real-time parameters, which are assigned to the user, are used to 
assess the current state of the patient. These parameters are monitored in real-time 
to control the person continuously. 
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The second main subsystem is the group “Activity load”, which summarizes the 
characteristics of the patient’s sport activity itself. It describes how intensively 
(intensity), how long per occasion (duration) and how many times per week 
(frequency) the patient does this activity. 

The last main subsystem is the group “Environmental Condition”, which is mainly 
important for outdoor sports. It combines the air temperature with wind (TW) and 
humidity (TH), these form the two input parameters of this group. 

The system’s structure allows the expansion and modification of the inference 
method, which can be performed easily in each subsystem separately, thus the 
proposed framework can also be applied for each subsystem and organized 
hierarchically. Since the risk assessment framework is based on a personal 
database, the evaluation can be updated according to the patient’s current health 
state (e.g. novel personal characteristics, change of the limits) and the current 
facilities (e.g. novel measuring devices). The modification can be performed by 
the expert without any programming skills through a user-friendly application. 

2.2 Database Design Providing the Flexibility of the 
Framework 

To ensure the appropriate operation of the system, a properly designed database 
structure is necessary [22], which contains the personal information; the 
parameters to tune the membership functions; and important information on the 
conditions. 

During the design process it is essential to keep in mind certain principles to 
obtain an appropriate data model. These are the following [23], [24]: 

1 Realistic modeling: the plan must correspond exactly with the 
specification, i.e. the entity sets, their attributes and the relationships 
between them should be meaningful. 

2 Avoid redundancy: the multiple occurrences has a greater storage 
requirement, furthermore it can cause modification anomalies, therefore, it 
should be avoided in the system. 

3 Simplicity: Only as many items should be included in the database plan as 
are really needed. 

4 Choosing the right item: During the planning it should be decided whether 
an item is used as a simply implemented attribute, or as an entity set. 

A database structure was designed and implemented, which is used behind the risk 
assessment framework and it is based on the above requirements as demonstrated 
in [25]. Usually the first step of the design is to create an entity-relationship (E/R) 
diagram (keeping in mind the above-described principles in Section 5.1), which 
provides a graphical representation of data modeling for ease of transparency. The 
obtained E/R diagram structure is shown in Fig. 2. 
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Figure 2 

The entity-relationship diagram of the sport activity risk calculation framework’s database
1 

Using the data in the model the membership functions can be tuned based on the 
personal characteristics, and medical recommendations. It can specify the 
necessary parameters for each user, which should be taken into account during the 
evaluation, and what types of activities are expected during the monitoring. In the 
database the number and name of the antecedent sets belonging to each input is 
given independently from the user, but the input membership function parameters 
can be adjusted in a patient-specific way. Also as a part of the personal profile, the 
risk factors’ personalized relationship to one another can be defined. The 
parameters are arranged in pairs and an importance factor can be assigned to them 
as in the method AHP, whose detailed description can be seen in Section 3. 
During the rule definition the personal characteristics and medical 
recommendations can also be taken into account by the personalized rule base, 
which can be stored for each user separately. 

The input parameter set of the system can be expanded dynamically. In this case, 
the properties of the new factor should be described (the number of the input 
membership functions and the name of the antecedent sets). The necessary 
parameters can also be changed per user and the existing parameters can be 
combined with each other freely according to the personal endowments. Due to 
the above changes the rule base and the interaction between the input parameters 
also vary, but the relations can be easily expanded and updated. The expansion, 
                                                           
1 : Entity sets: A group of individuals with similar characteristics, it is similar 

to the class concept, which is used in object-oriented programming languages. 

 : Attributes: it serves to describe the properties of an individual. 

 : Relationships: two or more individuals are connected by them. These 
relationships are bi-directional and they can connect several entity sets. The 
connection types can be marked using arrows. 

 Underlined attribute name: Keys: these kinds of attributes or these kinds of attributes’ 
sets, which can clearly identify an entity in the entity set. 
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the parameter combination, the associated rule base and the comparison matrix 
can be defined by the expert without programming tasks. 

Before the realization of the model, it should be translated into a relational model, 
which was introduced in the 1970s by Codd [20], but even today it is one of the 
most effective solutions. Consequently, most of the database management systems 
are relational [23], in which the data are represented in 2-dimensional tables, in 
so-called relations, in whose header there are the attribute names that define the 
meanings of the data in their column (relation(attributes)). The queries can be 
expressed in a high-level language, which significantly increases the efficiency of 
the database programming [26]. Precise knowledge of the database structure is 
essential to obtain a well-tuned system therefore the detailed description of the 
relations is given in the following section at the evaluation steps, where they are 
used. 

3 The Evaluation Process 

In this section the preparation and the steps of the evaluation are presented. Before 
the first-time application of the algorithm the database should be initialized. 
Otherwise, if any change occurs in the patient’s condition (e.g. novel personal 
characteristics, change of the limits), or in the current facilities (e.g. novel 
measuring devices) then it should be updated. Failing that, the proper operation of 
the system cannot be guaranteed. 

3.1 Database Initialization 

The basic relations, which are applied during the evaluation, are defined in the 
following basic relations. 

Users(TAJ, Name, Address, Birth_date, Sex, Height, Weight). This relation 
contains basic information of the user and they can be identified based on these 
values. The key attribute of this table is the TAJ, which is the social security 
number of the patient. 

Sports(TAJ, sport). This table contains the possible motion forms, which the 
person usually performs, i.e. during which the monitoring is expected. The key 
attribute is TAJ. 

Antecedent_number(param, MFnumber). Within the input domain different ranges 
belong to each measured parameter. These ranges form the antecedent sets, which 
are used in the fuzzy inference system and the number of them depends on the 
measured parameter characteristics. For example if these ranges define the normal, 
increased or abnormal response of the measured value then the number of the 
ranges are three, but is not the same for all the monitored parameters. This relation 
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is used to define the number of the antecedent sets for each possible parameter. 
This value does not depend on the patient, it is parameter-specific, therefore the 
key attribute of this relation is param. 

Antecedent_name(param, MFname). This relation is closely linked to the relation 
Antecedent_number, because it is used to define the names belonging to each 
antecedent set. Therefore, the number of the different antecedent name is 
equivalent to the number of the antecedent sets, which is defined in the relation 
Antecedent_number. These names do not depend on the patient, they are 
parameter-specific, thus here the key attribute is param. 

3.2 Determination of the Relative Importance of the Factors 

Since the input parameters of the system are not equally important during the 
evaluation process, a need arises for a method, which ensures their weighting. For 
this purpose the Analytic Hierarchy Process (AHP) is used, which is a hierarchical 
decision method, which was introduced by Thomas L. Saaty in the 1970s [27]. It 
is used for organizing and analyzing complex decisions based on a pairwise 
comparison matrix, which contains the relative importance of all the possible pairs 
of the examined factors, which are at the same level of the hierarchy. It provides 
an opportunity to describe both qualitative and quantitative parameters. Let the 
elements of the An×n comparison matrix be X1, X2, …, Xn, where aij is the relative 
importance of the elements Xi and Xj. Saaty suggested values between 1 and 9 
[28], but other values can also be used [29]. If aij>1 then Xi is more important than 
Xj, consequently the elements in the main diagonal aii=1 and aji=1/aij (i=1,2,…,n; 
j=1,2,…n), therefore n(n-1)/2  comparisons are required for all n-element groups 
in each level of the hierarchy. If such groups can be formed from the factors, 
which are more or less independent, then the comparison matrix has a block 
diagonal matrix form and the computational complexity can be reduced in this 
way. The blocks are the comparison matrices of the factors of each group and the 
elements in their main diagonal are 1 because in this case the factor is compared to 
itself [30]. 

Let x=(x1, x2 … xn) be the input vector, which is the realisation of the actual risk 
factors X=(X1, X2 … Xn), then the influence of the pairwise comparison matrix (A) 
on the actual factors can be described by the transformation A·xT. The aim is to 
calculate the weights of the factors, and the weighted input vector is to be 
forwarded to the system. The weight-multiplier λ obtained from the pairwise 

comparison by TT xAx  . 

The λ values can be computed as the real eigenvalues of the comparison matrices 
as if they exist, otherwise the value λ=1 is used. If more than one appropriate 
result can be obtained then the eigenvalue should be chosen, which keeps the input 
vector in the universe, while it has the most influence on the decision, i.e. which 
has the highest efficiency. 
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The above described method should be applied before the decision making 
process, the weighted input vectors are the system inputs [30], [31]. Due to the 
particularity of the task, it is a useful tool in structured risk assessment models, 
such as the authors’ risk assessment framework. All of the risk factors and risk 
levels can be quantitative or given in linguistic form. The rules in the system are 
described in IF condition THEN consequent form. The evaluation of the risk 
factors and the determination of the decision is obtained by an approximate 
inference procedure (e.g. Mamdani-type inference system, Mamdani-like structure 
with discretized output [32]). The system can operate with or without feedback, in 
the latter case it determines the risk level or it makes a decision depending on the 
task’s nature [33]. 

3.3 The Steps of the Evaluation 

In the following algorithm the steps of the evaluation for a subsystem in the case 
of the Mamdani-like structure with discretized output detailing the database 
relations can be seen, which are used in each step to personalize the decision 
making. If a multilevel, clustered system structure is used then this algorithm 
should be executed for each subsystem separately. 

Step 1 The input parameter combination is not constant, the number of the 
inputs and the monitored parameters can vary patient- and sport-
specifically. The current combination is defined in the personal profile in 
the relation Monitored_param(TAJ, sport, param) according to the health 
state of the patient and the sport type should also be considered. 
Consequently, the key attributes are TAJ and sport together. 

The so-defined input values are fuzzified in the case of trapezoidal 
membership functions by (1) 
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where ai, bi, ci, di, are the parameter sets, which can be used to tune the 
membership functions patient-specifically based on the values defined in 
the framework’s database according to the medical recommendations in 
the relation  Param_thresholds(TAJ, MFname, thresholds, sport). It 
should be defined for each parameter, which are used to characterize the 
patient, i.e. which are defined in the table Monitored_param. These 
values define the minimum and maximum values of each range, which 
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are assigned to each antecedent set. The parameters of the antecedent sets 
can be obtained from these values, which, apart from the antecedent set, 
are strongly related to the patient, the type of the monitored sport 
activity, consequently the key attributes are TAJ, MFname and sport 
together. 

Step 2 The definition of the rule premises (wi) by (2) from the fuzzified values, 
which are weighted by the values obtained from the AHP method, whose 
results are stored in the relation Interactions(TAJ, sport, index, value). 
This relation defines the relative importance of the parameters in a 
patient-specific way depending on the type of sport. A default 
comparison matrix can be defined for each parameter combination, but it 
can be modified according to the patient’s personal characteristics and 
chronic diseases. 

The weighting of the input factors is not ensured in the Mamdani 
inference based systems, when the product operator is used during the 
determination of the rule premises. The product operator conceals 
weighting due to its commutative property, i.e. if different weights are 
used in different order, so they are assigned to another parameter, the 
result does not change. Consequently, the basic algorithm should be 
modified to take into account the different weighting factors. 
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where m is the number of the input parameters, ak is the weight 
belonging to input k, wi is the firing strength of the rule premise i. 

Step 3 The firing strength obtained in the previous step should be normalized by 
(3) to ensure the appropriate operation of the system. 
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Step 4 The defuzzification of each consequent part happens separately using 
COG method (4), trapezoidal membership functions can be used again. 

The consequent parts   y
iD  belonging to each rule-premise are 

defined in the database in relation Rules(param1,…,paramn, output) 
patient- and sport-specifically. The key attributes of this relation are the 
parameter combination, which define the rule-premise in step 2. 
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Step 5 The final step of the evaluation is the overall risk level (O) calculation of 
the subsystem by (5). 
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4  The Risk Assessment Framework Implementation 

4.1 Test Environment 

The risk assessment framework has been implemented and its performance has 
been tested in RAD Studio application development environment. This 
development tool integrates Delphi, C++ Builder and HTML5 Builder, thus 
allows the broad applicability of the software for multiple devices (PCs, tablets, 
smart phones) on multiple platforms (iOS, Windows, Mac) in a native form [34]. 
The testing was performed on a PC using Windows platform. The hardware 
environment, used to test the model, is Intel® Core™2 Duo CPU T6570 processor 
with 4GB RAM and Windows7 operating system. The input data are stored in a 
structured text file, which is based on medical databases. 

4.2 The Default Values in the Database 

In the case, when there is no detailed personal profile with specified medical 
recommendations, the program is able to calculate the thresholds of the measured 
parameters and these thresholds can be used as default values in the database 
before the personalization. The expert can modify them if it is necessary, but they 
can be retained, if they characterize the patient properly. In the following section 
some examples are presented for the measured parameters’ default threshold 
calculation. 
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4.2.1 The Systolic Blood Pressure (SBP) 

A formula (6) was defined to calculate the thresholds of the systolic blood 
pressure responses for patients. This equation serves as a basis of the membership 
function parameter calculation. 

    restrest
normal

itlimitlim SBPzoneSBPSBPetargtSBP   (6) 

where zone is the center of the recommended zone, limit is the range limit, which 

can be maximum or minimum. The values of 
normal

itlimSBP  are based on the values 
defined by Sieira et al. (see Table 1), which are the thresholds of normal systolic 
blood pressure responses of both sexes with ages between 20 and 79 [11]. 

Table 1 

Normal Systolic Blood Pressure (SBP, [Hgmm]) response 

Age Men Women 

 normal
minSBP  

normal
maxSBP  

normal
minSBP  

normal
maxSBP  

20-29 161 203 136 176 

30-39 164 204 138 182 

40-49 167 209 144 190 

50-59 170 216 153 201 

60-69 173 221 162 210 

70-79 169 223 160 210 

4.2.2 The Heart Rate (HR) 

The default heart rate thresholds can be obtained from the predictive maximum 
heart rate of the patient calculated by Polar training computer [35]. The zones 
defined by the thresholds can be obtained as a percentage of this value based on 
the health condition or physical fitness of the patient, which basically determines 
the allowable intensity of the activity. The zones, which are used in the author’s 
framework, are the modification of the Polar target zones [12], [36], and they are 
defined in Table 2. 

Table 2 

Physical fitness and health state zones 

Intensity % of 
HRmax (bpm) 

Recommended for patients who 

<50% 
are under: medical treatment/rehabilitation 
suffer from cardiac disease 

50-70% 
exercise as prevention 
are beginners 
do basic training 
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Intensity % of 
HRmax (bpm) 

Recommended for patients who 

<50% 
are under: medical treatment/rehabilitation 
suffer from cardiac disease 

70-95% do sports regularly 

4.3 Case Study 

In this section a 28 years old male is considered to illustrate the usage of the 
framework. The relation Sports contains the possible motion form for this user. 

Table 3 

Relation Sports 

TAJ Sport 

024357942 running 

024357942 Cycling 

The relation Monitored_param (Table 4) defines the input parameter of the 
Medical condition subsystem in the framework. If the patient uses the system 
during cycling then their heart rate (HR), systolic blood pressure (SBP), and 
diastolic blood pressure (DBP) should be measured and evaluated; during running 
heart rate and respiration rate (RR) are considered. 

 

The number of the antecedent sets assigned to each parameter is stored in the 
relation Antecedent_number (Table 5) and the names of these sets are defined by 
relation Antecedent_name (Table 6). These values are parameter-independent, 
therefore they are assigned to each parameter generally. 

Table 5 

Relation Antecedent_number 

Param MFnumber 

HR 3 

SBP 4 

DBP 4 

RR 3 

 

Table 4 

Relation Monitored_param 

TAJ Sport Param 

024357942 running (HR, RR) 

024357942 cycling (HR, SBP, DBP) 
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Table 6 

Relation Antecedent_name 

Param MFname 

HR (target, mhigh, vhigh) 

SBP (low, normal, increased, abnormal) 

DBP (lower, average, arisen, irregular) 

RR (normal, higher, RRvhigh) 

In order to obtain patient-specifically tuned membership functions the relation 
Param_thresholds (Table 7) should be used supplementing the above membership 
function information. 

 

Using the obtained data in the case of the 28-year-old male patient, whose HRmax 
is 197 bpm, HRrest is 70 bmp, and he exercises as prevention, the following input 
membership functions are created.  

 

Figure 3 

Heart rate membership functions for the 28-year-old male  

 

Table 7 

Relation Param_thresholds 

TAJ MFname Threshold Sport 

024357942 Target 0.7 Cycling 

024357942 Mhigh 0.85 Cycling 

024357942 Low 125 Cycling 

024357942 Normal 165 Cycling 

024357942 Increased 190 Cycling 
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Figure 4 
Systolic blood pressure membership functions for the 28-year-old male 

There are some examples of obtained risk levels for different input values, which 
are presented in Table 8. The risk levels are considered in [0,1] interval. 

Table 8 

Calculated risk levels 

HR Systolic Diastolic Risk level 

130 140 70 0.16 

130 180 90 0.65 

170 180 90 0.79 

140 150 75 0.26 

4.4 The Test Results 

The basis of the testing method an AHP-FCE method was [37] to compare the 
results obtained from weighted input factors. For the sake of comparability, the 
evaluation was performed for the same patients, utilizing the same input values 
and the same membership functions in both systems. This condition did not allow 
the exploitation of the novel model’s benefits, but it showed that the results 
obtained from the comparison are the same. Consequently, the risk assessment 
framework by Tóth-Laufer, Takács and Rudas was validated. 

However, the importance of the presented novel framework lies in the fact that it 
makes the evaluation more differentiable. Using the appropriate settings the 
patients with the apparently same parameters can be evaluated differently, over 
and above the different parameter combinations can be assigned to different sport 
types. In this way the result is more realistic and patient-specific. In Table 9, the 
results obtained by using different membership function parameters are shown to 
illustrate the change in the risk level according to them. These boundaries are 
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defined in the relation Parameter_thresholds according to the medical 
recommendations, all other inputs are the same as in the case study. The obtained 
results highlighted that for the more specified values the result is shifted according 
to the patient’s characteristics. 

 

Conclusions 

In health monitoring systems, the appropriate evaluation process, which provides 
realistic result, is a highly problematic task. It is the consequence of the high 
number of input factors, which includes both quantitative and qualitative 
parameters; the different importance of them; the complex interactions between 
them; and consequently, the large rule base. Furthermore, for different patients 
different parameter combinations should be considered and the thresholds of 
normal, increased or abnormal values cannot be generalized, they should be 
adjusted is a patient-specific way. 

Some of the above problems can be handled by the fuzzy approach, which is able 
to work with uncertainty, imprecision and subjectivity in the data and in the 
evaluation process. The large rule base can also be reduced by different fuzzy-
based techniques and the membership functions can be tuned according to the 
patient characteristics, but these kinds of systems are not flexible enough. The 
parameter combinations cannot be varied, and broadened for each user separately. 

A risk assessment framework was designed and implemented, which takes the 
advantages of the fuzzy approach, while the flexibility, expandability and the 
adaptive capacity of the system is improved. To ensure the above advantages and 
to achieve transparency a general, modular system structure is used, which is 
based on the specifically configurable subsystems. During the evaluation the 
individual characteristics, living conditions, habits and medical recommendations 
are considered, which are based on the personal profile, in which different 
parameter combinations can be defined for each user and these can be modified 
and broadened user-specifically. In this way the obtained result is more realistic. 
The results of the proposed model was compared to an AHP-FCE model for the 
same input values. The results obtained from the comparison are the same, 
consequently the authors’ risk assessment framework was validated. 

Table 9 

Risk levels (Inputs: HR=130 bpm, SBP=180 Hgmm, DBP=90 Hgmm) 

Target Mhigh Low Normal Increased Risk 

0.7 0.85 135 165 190 0.65 

0.5 0.6 125 149 155 0.9 

0.6 0.7 130 160 170 0.89 

0.65 0.75 140 165 180 0.79 

0.75 0.9 138 175 198 0.7 
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